A major challenge for analysis of data from observational and survey studies is dealing with model mis-specification. A common reason for model mis-specification is the violation of the independence assumption. Model mis-specification is frequently due to the inclusion of variables that are correlated with the error terms (serial correlation) or due to variables omitted from the study. The application of standard regression models to such data could lead to over inflated results, i.e. erroneous results, and misleading conclusions. Longitudinally designed studies make substantial improvements and provide an additional handle to control omitted variables. However, even with longitudinal data, model mis-specification could occur because of the nature of observations, i.e. surveys often include objectively as well as subjectively measured variables. Subjective variables are responsible for model mis-specification, therefore, compounding the problem further. One solution to such problems is the application of instrumental variables. The instrumental variable method is seldom used with social survey data. The main criticism is the arbitrary selection of variables as instruments. Longitudinal data, because of its temporal structure, provide natural instruments. In this paper, a pragmatic strategy for analysis is proposed that utilises the nature of the data (subjective/objective) and a combination of methods within a longitudinal modelling framework to correct for model misspecification. These applications are illustrated by using recurrent continuous morale in old age from a longitudinal survey of the elderly. The results suggest a strong presence of heterogeneity effect, i.e. current levels of morale appear to be individual-specific and independent of its previous levels.
Introduction
As more people are expected to live longer, quality of life in old age has been one of the main focuses for research and policy development. Quality of life, happiness, positive aging, life satisfaction, and so on, have been linked to health and overall wellbeing (e.g. see [1] [2] [3] [4] [5] [6] ). This is particularly important for the elderly who live in isolation or in rural areas. Social isolation may not necessarily be due to geographical distance between elderly people and their support network, it could well be due to the size of their social support network [7] . Morale in old age is an important concept and has been used as an indicator of overall wellbeing and quality of life in old age [1] [2] [3] [4] [5] [6] . The assumption is that changes in morale could affect changes in well-being (e.g. see [2] ). However, the question that arises is: does high morale lead to a perception of good health and therefore higher quality of life, or, does good health and higher quality of life lead to higher morale in old age (past behaviour effect)? Morale, and in general quality of life are complex concepts and are subjective in nature which have implications for defining, measuring and analysing them [8] . The aim of this paper is to demonstrate problems arising from studying such complex concepts and illustrate an analytical strategy not only to anticipate but also to overcome problematic issues. Unfortunately, despite advancement in software technology and statistical modelling, model mis-specification is still a big problem when dealing with observational data. In this context, morale in old age provides an excellent example.
Issues relevant to studying morale in old age were discussed in earlier papers [9] [10] [11] which highlighted problems measuring and modelling quality of life variables. One of the fundamental methodological problems, quite apart from the issues of defining and measuring quality of life, is disentangling the complex inter-relationships between quality of life and other variables. As with any research based on survey data, it is difficult to distinguish systematic patterns from random ones due to other variables. The flexibility of survey/observational studies to measure a wide range of subjective and objective variables adds complexities to analyses. Survey studies of elderly people living in the community do not often include measures of depression, morale or dementia all at the same time. In this context, quite apart from the methodological issues of multicollinearity and the direction of causality, the issue of bias in the sample, due to unmeasured or omitted variables, needs also to be addressed. Furthermore, the adopted statistical modelling must be able to handle past behaviour effect (e.g. state dependence) and heterogeneity effect due to omitted variables (e.g. frailty).
Heterogeneity results when systematic but unmeasured characteristics of individuals contribute to response patterns over time. In survey studies, some individual characteristics are often omitted either because they are unobserved or difficult to measure. Omitted characteristics such as frailty, could lead to spurious relationships between the observed characteristics and the outcome variables. Past behaviour effect exists when the experience of a particular outcome itself changes the probability of experiencing that event on subsequent occasions. Again, it is clear that past behaviour cannot be addressed within cross-sectional designs. Heterogeneity and past behaviour effects are common when dealing with behavioural data, and ignoring them will produce bias in variability estimates and tests of treatment related with hypothesis [12, 13] . Although these issues can be addressed with the application of advanced statistical modelling, these models cannot account for additional complexities in data, due to temporal dependencies, simultaneously.
This paper identifies some of these problematic issues when analysing longitudinal data on quality of life in old age and describes a statistical modelling strategy to address the various problems simultaneously.
Methods
In this paper a secondary data source (the rural North Wales Elderly Project) is used in order to demonstrate the complexities arising from analysis of data from observational studies.
As mentioned above, there have been numerous studies of aging (e.g. [2, 14] . The main interest of these studies is to observe changes in individuals' circumstances over time and to examine any possible link with an outcome of interest e.g. health, longevity. The Rural North Wales Elderly Project [15] extended the investigation of the ageing process to individuals' social activities and social interaction. Social networks, other quality of life measures (e.g. morale, loneliness and social isolation), and how they may vary over time with age and life events (e.g. bereavement, dependency) are prominent features of such studies.
The North Wales Elderly data set is based on a sample of 534 randomly selected elderly people aged 65 and over living in the community. In 1979, the samples of elderly people were surveyed using a large social survey questionnaire [15] . In 1984, the project was repeated on a sub-sample surveying only those who were age 75 and over in 1979. In 1987 the project was repeated and surveyed all surviving members of the original sample. This provided a slightly staggered longitudinal study in old age, i.e. three time-point measures (1979, 84, 87) are only available for the old elderly, and two-time point measures for the whole sample are only available at baseline (1979) and in 1987 (see [9] ). Some additional measures using a much shorter version of the questionnaire became available in 1991 and 1995. A wide range of topics were included in the survey including demography, socio-economic, social activities and contacts, health, life events, attitudes to life and so on.
As well as demographic and socio-economic measures, the data set is rich in various measures on quality of life (e.g. morale, loneliness, companionship, hours spent alone, social contact, supportive network), dependency (e.g. self-assessed health, long-standing illness, mobility, hours spent alone, supportive network), survival (e.g. dates of death, duration survived, trace variables), health care and service use (e.g. use of district nurse, GP, home help) and informal support (e.g. relatives, friends and neighbours). Therefore, analyses can be designed to investigate quality of life in old age in the context of, for example, supportive networks of the elderly people, morale in old age, loneliness in old age, health, mobility, migration and housing in old age (see [16] ).
One of the topics of interest in this survey was morale in old age; "what factors govern morale in old age". Given the structure of the data set a number of strategies for analyses were developed and carried out e.g. see [9, 11] .
In this paper, I report on a strategy for analysis that allows simultaneous control for past behaviour and heterogeneity while at the same time enables handling of model mis-specification due to a complex unforeseen relationship between observed and omitted variables. For this analysis, data from the interval 1983-87 is used for the main reasons that, first, a number of dependency measures are only available in the 1983 and 1987 questionnaires and were not asked in 1979, and second, this strategy allows the inclusion of past behaviour in the analysis.
Substantive issues: From the literature review [10, 11] a large number of socio-economic, health, environmental and individual variables can be associated with morale in old age. Therefore multicollinearity is one of the important issues to be considered in any strategy for analysis.
An important substantive question is the dynamics of morale in old age, i.e. does it fluctuate according to a change in variables, or, whether morale level remains constant (past behaviour)?
Furthermore, survey questionnaires provide two main challenges with data; omitted variables and subjectivity. Surveys often exclude and omit variables because they are either unmeasureable or difficult to measure, e.g. frailty or the feel good factor.
On the other hand, surveys frequently use self-assessment tools to measure social, health and individual variables such as state of health and emotional wellbeing. Subjective variables, therefore, carry measurement errors that can contribute to model mis-specification; subjectivity is responsible for erroneous results [9] .
Thus, the analytical strategy must be modified to allow simultaneous statistical control for multicollinearity, past behaviour, omitted variables and subjectivity.
Response variable: The anglicised version of Philadelphia Geriatric Centre Morale Scale [9, 11] was used, as part of the survey questionnaire, to measure morale in old age. This is a continuous scale taking values (1.0 -3.0) with 1.0 measuring low morale sliding up to 3.0 high morale. There are 38 cases with a valid morale score at each interval point 1983 and 1987 in the North Wales Elderly data.
Explanatory variables: A large number of variables, including those reported in the literature, were extracted from the main data set and included in the analysis (see Appendix). As mentioned above, subjectivity is an important issue so explanatory variables were distinguished as subjective and objective variables. Variables were classed as subjective if they were reflecting a perception or self-assessment such as "self-reported health", "people in the area they could call friends", otherwise classed as objective such as "number of children", "having close relatives", "age".
Modelling: To investigate the micro-level dynamics of the social process morale in old age, an adequate statistical model must handle the possibility that previous levels of morale influence current levels (past behaviour), the possibility that substantial variation in morale will be due to unmeasured and/or potentially unmeasurable variables (residual heterogeneity), allow for multicollinearity, and measurement error due to complex subjective survey questions. However, the application of standard regression model to this data set will lead to a wellknown specification error [9] and the solution is to specify a variance component that explicitly distinguishes between the structural error term and residual heterogeneity, as in Equation (1) . For the continuous morale the following models were specified: 
where 1 it y γ − is the dummy variable for the past behaviour and θ is the time constant individual specific error term. The error terms are assumed to be independent of the {x}. This model could be fitted to data using conditional or marginal likelihood method [9, [17] [18] [19] }. The application of marginal likelihood method to this data has been demonstrated in an earlier paper, see [9] .
Conditional likelihood method: This paper reports the results from the application of the conditional likelihood method, sometimes referred to as the difference method. The conditional method detect change by subtracting Equation (1) from Equation (2) ( ) ( ) ( )
thus eliminating θ and all other time constant variables such as sex. This model can be fitted using any statistical packages such as STATA and SAS, for this analysis GLIM4 was used and results are shown in Table 1 column headed "conditional". Unexpected results: The result (see Table 1 column headed "conditional") suggests that past behaviour is highly significant and that previous low morale is significantly related to current high morale! Having explicitly expressed the difference equation in terms of all the elements is relatively easy to identify the source of the problem. It is fairly obvious that fitting this model to the data will lead to a well known specification problem. The problem is due to the violation of the independence assumption: the dummy variable for past behaviour contains an element (y it ) that is associated with the error term on the same side of the equation. This model was nevertheless fitted to data to demonstrate the impact on result.
Solution: The problem where one or more explanatory variables are associated with the error term is also known as errors-in-variables or serial correlation. This is a common but rarely addressed problem in behavioural sciences, in particular with observational studies, as both objective and subjective variables are used as independent variables. The solution is the application of instrumental variables method, where the offending variable(s) are replaced by another or a set of variables that have no association with the error term but are highly correlated with the offending variables. Identifying variables as instruments can be a major issue. Fortunately, data sets with a longitudinal structure can provide natural and logical instrument. For Equation (3) , the best instrument is morale measured at pre 1983 time point, i.e. at 1979 (baseline) [17] . HUMMER [20] was used to fit the model with morale in 1979 as an instrument for past behaviour. The result, suggests that this variable is no longer significant which means that, at least with this data, morale in old age is not influenced by its own past levels.
Results
The variable past behaviour is dropped from the model. Model selection continues with the remaining explanatory variables. The forward substitution method was used for model selection. The final model is shown in Table 1 and includes two objective variables (hours spent alone, and has close relatives), and only one subjective variable (presence of friends in the area). Model fitting results (parameter estimates and standard errors) are shown in Table 1 (column headed "conditional"). Looking at the remaining results after dropping past behaviour it can be seen that the only remaining subjective variable is highly significant, but, with a counter intuitive effect; those who claimed that they had no friends in the area appear to score higher on the morale scale than those who said they had.
This counter intuitive result may well be due to the errors-in-variables problem mentioned above, where the subjective variable 'presence of friends' is correlated with the error term. As explained above the solution to this problem is the application of instrumental variables method. Objective variables already selected in the model are not correlated with the error term, so a logical choice of instrument(s) is to use the objective variables as instruments for the subjective variable.
The results for fitting the new model with instruments are shown in the second column of Table 1 . It can be seen that, after correcting for mis-specification, this variable is no longer significant. Models without corrections for omitted variables and measurements error lead to an under-estimation of standard errors and over inflated parameter estimates thus a false high statistical significance level [20, 21] . Therefore, an increase in the standard error of the subjective variable can be noticed after correcting for residual heterogeneity (q) and errors-in-variables. The large reduction in the parameter estimate of the variable "presence of friends" indicates possibly more complex interactions in data.
It can also be noticed that there is no or very little change in the parameter estimates and standard errors of the objective variables with or without instrumental variables. The results for the objective variables are fairly straight forward; those who claimed spending between 3 -9 hours alone appear to do worse on the morale scale. This group of elderly people appear to be more dependent, less mobile and require more looking after. Those who do not have any close living relatives appear to do worse than those who claimed they had a living close relative.
Implication for Theory
As demonstrated by the analysis of a real world data set above, complex inter-relationships in observational data can make analysis of such data more challenging. A longitudinal study design together with appropriate longitudinal model (such as model in Equation (1) 
where i θ is the individual specific (time constant omitted variables), x it is time varying omitted variables, and it ε is the structural error term. This model cannot be estimated because of too many unknowns. However, the analysis of morale in old age using conditional likelihood method and instrumental variables method reported above suggests a pragmatic approach to fit such a model to data.
Consider re-writing Equation (3) whilst distinguishing subjective variables { } x′ from the objective variables {x}: 
The models in Equations (6) & (7) are indeed equivalent to the desired model expressed in Equation (4) . The model in Equation (6) & (7) cannot be fitted because the actual values for { } * x′ are unknown. However, as demonstrated in Table 1 (and Equation (3)) the model in Equation (6) was fitted using the observed values of the subjective variables, i.e. the set of x′ , and the instrumental variables method to account for possible measurement error, and the conditional likelihood method to control for θ : i.e. a pragmatic approach of fitting models of the following type: 
Conclusions
In the final analysis, it appears that the variable "presence of friends" must have owed its significance to its relationship with other factors omitted from the analysis. The results reported do tend to emphasize the complexity of the task of developing parsimonious models when there is high multicollinearity between variables both observed and unobserved. The use of the conditional likelihood method, together with instrumental variables allows control for timevariant omitted variables simultaneously with other structural and nuisance parameters.
The results shown in the second column of Table 1 , after controlling for time-variant omitted variables, suggest that the subjective variables are no longer significant. Moreover, the results can be interpreted as low morale being associated with physical dependence on "others", while the availability of, or (both physical and mental) dependence on close relatives including spouse may lead to high morale in old age.
Finally, because of more extensive control, the final analyses (conditional likelihood with instrumental variables methods) have more authority. An additional advantage with the final analyses over the conditional likelyhood method is to allow the inclusion of time-invariant factors in the modelling process. For example, the effects from time-constant variables such as sex could be controlled for after differencing by using such variables as instruments for subjective variables which are known to carry measurement error.
